Introduction
Diabetic kidney disease is diagnosed, monitored for progression, and staged for risk of progression by a combination of biomarkers. The National Institutes of Health biomarker definition working group defines a biomarker as "a characteristic that is objectively measured and evaluated as an indicator of normal biological processes, pathogenic processes, or pharmacologic responses to a therapeutic intervention". 1 The key biomarkers that are used in diabetic kidney disease are albuminuria and eGFR. 2 The Kidney Disease Outcomes Quality Initiative (KDOQI) clinical practice guideline advises to measure these biomarkers at least yearly in all patients with diabetes, starting 5 years after diagnosis in patients with type 1 diabetes and at diagnosis in patients with type 2 diabetes. 2 From a preventive medicine point of view, there is a need for novel biomarkers in the early stages of diabetic kidney disease, because the earlier renoprotective treatment is started, the better long-term outcome will be. One challenge of developing novel biomarkers is to identify which patients are at high enough risk during early stages of disease to warrant the start of treatment, that will inevitably be associated with adverse events. In that respect albuminuria is of higher interest than eGFR, because by definition, low eGFR identifies only patients at late stage disease. Fortunately, subtle increases in albuminuria are strongly predictive for progression of diabetic kidney disease, even in the early phase of the disease when eGFR is still normal. 3 The predictive performance of albuminuria has been corroborated in a vast number of independent diabetic populations. Although albuminuria has strong predictive power, there still is variability observed in the rate of renal disease progression that is not fully captured by the level of albuminuria. Despite extensive research in the last 50 years, it is disappointing to notice that no new single biomarker has been discovered that unequivocally outperforms albuminuria or adds to albuminuria in predicting kidney disease progression. 4 Although some promising biomarkers have been discovered, such as TNF-Receptor-1, most biomarkers failed to replace albuminuria or add significantly to albuminuria as predictor of diabetic kidney disease progression.
Since there are multiple underlying pathophysiological processes involved in diabetic kidney disease, such as inflammation, angiogenesis and fibrosis, it may be difficult for a single biomarker to predict the progression of diabetic kidney disease. Therefore it seems more logical to develop panels of biomarkers that capture several pathophysiological processes to improve prediction of diabetic kidney disease progression. These panels can exist as a combination of biomarkers that have been identified in targeted single biomarker studies or biomarkers that have been discovered through hypothesis-free research methods, for example, by means of proteomic or metabolic profiling.
We refer to the review by Pena et al. elsewhere in this issue of NDT for a detailed description of proteomics and other new high-throughput biomarker discovery methods. 5 The translation of a biomarker or a combination of biomarkers from discovery to clinical practice is a process full of pitfalls and limitations. Before a biomarker can be used in clinical practice, it needs to be extensively validated in large studies to assess accuracy, reproducibility, sensitivity, and specificity. When conducting these studies, key issues such as trial design and methodology should be addressed. Therefore, the aim of this article is to review the available literature on biomarker panels in diabetic kidney disease. We will discuss methodological pitfalls and provide recommendations for future biomarker panel research.
Overview of biomarkers used for prediction of diabetic kidney disease progression
Although numerous studies have been conducted that investigate biomarker panels in chronic kidney disease the literature on biomarker panels for predicting specifically diabetic kidney disease progression is scarce. We performed a systematic literature search for studies on biomarker panels, or studies investigating combinations of multiple biomarkers in diabetic kidney disease, using the search strategy and inclusion criteria depicted in Box 1. Studies using -omics methods were excluded since these methods will be discussed elsewhere in this issue of NDT by Pena et al.
Box 1 Search strategy
5 Table 1 provides an overview of the studies that were identified and summarizes the biomarker panels that were investigated and methodology that was used. We identified 9 studies. [6] [7] [8] [9] [10] [11] [12] [13] [14] The design of these studies varied from observational cohorts (n=5) to post hoc analyses of randomized controlled trials (n=3) and case-control studies (n=1). Sample size across the studies ranged from 82 to more than 10,000 patients, and the number of candidate biomarkers varied from 2 to 28. The biomarkers that were studied varied from kidney specific biomarkers (e.g. Tamm-Horsfall protein)
to systemic biomarkers (e.g. hs-CRP). Urinary biomarkers were investigated in three studies, 8, 10, 12 serum or plasma biomarkers in four studies, 6, 9, 11, 13, 14 and one study combined urine and serum biomarkers. 7 The endpoints that were chosen to indicate renal disease progression were hard renal endpoints (including end-stage renal disease (ESRD), [9] [10] [11] and/or a combination of ESRD and death 7, 11 ), as well as surrogate endpoints (including eGFR decline [6] [7] [8] and the development of microor macroalbuminuria 10, 12, 14 ). Follow up time in the studies ranged from 2 to 6 years. 
AUC
Abbreviations are: UACR, urine albumin-creatinine ratio; SBP, systolic blood pressure; eGFR, estimated glomerular filtration rate; DBP, diastolic blood pressure; RASB, renin angiotensin system blocking medication use; WHR, waist hip ratio; BMI, body mass index; HDL, high-density lipoprotein; AER, albumin excretion rate; SUN, serum urea nitrogen; UPCR, urine protein creatinine ratio; PAD, peripheral artery disease; HF, heart failure; CRP, c-reactive protein; AKI, acute kidney injury; MAP, mean arterial pressure; AGEs, advanced glycation end product; RCT, randomized controlled trial; NA, not applicable; NR, not reported; AUC, area under the curve *: overall eGFR was not reported, the study reported mean eGFR for subgroups. The table represents an overall range of mean eGFR for the subgroups. †: eGFR was not reported. The here reported eGFR was calculated using the CKD-EPI calculation for the overall mean creatinine (90 umol/L) for males aged 57.2 years (the overall mean age).
Points of interest in biomarker panel studies
As the identified studies varied to a large extent in their design, choice of biomarker panels, and methodology of statistical analysis, we performed an analysis according to our prior defined criteria which are presented in Box 2. Furthermore, we assessed the phase of biomarker development for each study, as defined by the American Heart Association in 2009 ( Figure 1 ). The nine studies reviewed here represent phase 2 (n=3) or phase 3 studies (n=6) (Figure 1 ). Thus, it can be concluded that biomarker panels for prediction of diabetic kidney disease progression are still in the initial phases of development as no external validation studies have (yet) been performed.
Moreover, using biomarker panels to assess treatment consequences is lacking, let alone the initiation of randomized controlled clinical trials. Implementation of biomarker panels in clinical care
requires that all steps of the biomarker development process are followed. Consequently, there is a long way to go before biomarker panels can be used in clinical practice to guide treatment in patients with diabetic kidney disease.
Population
All studies included rather homogenous cohorts with respect to diabetes status, gender, race, and severity of diabetic kidney disease. Three studies exclusively investigated patients with type 1 diabetes. 10, 12, 13 These patients were on average young and had early stage kidney disease. The other six studies investigated patients with type 2 diabetes. Four studies measured the biomarkers in a predominantly male cohort, [7] [8] [9] 14 and all study populations consisted almost entirely of Caucasians.
Only four studies reported the exact definition they used for the diagnosis of diabetic kidney disease (either for inclusion or as endpoint). 8, [12] [13] [14] Diabetic kidney disease is present in patients with macroalbuminuria (>300 mg/g creatinine in spot urine) irrespective of the eGFR level, and possible in patients with microalbuminuria (30-300 mg/g creatinine in spot urine) and eGFR >30 ml/min/ Of note, two of the included studies were post hoc analyses of clinical trials. 11, 14 When using a clinical trial cohort, treatment effects on clinical outcome have to be taken into account. The study drug can affect a clinical outcome, which will likely alter the association between baseline biomarker levels and long-term outcome. In addition, clinical trials are not representative of clinical practice as patients are more strictly followed, leading to higher compliance and better outcomes, even with standard care, than in the general population. Therefore, information on study treatment as well as changes in (standard) treatment during follow-up should be taken into account. Failure to collect, analyse, and report this information may lead to reduced predictive performance of a candidate biomarker.
Finally, it is important that all study participants come from the same population to prevent selection bias. Selection bias in an experimental study refers to the situation when the selection of patients is not sufficiently random to draw a general conclusion. For example, selection bias may arise if one aims to develop a biomarker panel for prediction of renal endpoints for the general type 2 diabetic population, but one creates a study cohort including only patients with diabetic kidney disease. This can lead to the question whether the biomarker panel is generalizable to the general type 2 diabetic population or only for patients with established diabetic kidney disease.
Endpoints
According to the biomarker evaluation framework, biomarker validation should preferably involve hard outcomes. The hard outcomes to study diabetic kidney disease progression that have been accepted by the United States Food and Drug Administration (FDA) and the European Medicines Agency (EMA) include the incidence of ESRD, defined as the need for chronic dialysis or kidney transplantation or renal death. Three studies used hard endpoints only, 9,11,13 two used a combination or composite of hard and surrogate endpoints 7, 10 and four exclusively used surrogate endpoints 6, 8, 12, 14 ( Table 1 ). The hard endpoints were ESRD, death, a composite of ESRD and death, a composite of ESRD or doubling of serum creatinine and cardiovascular mortality or morbidity. The surrogate endpoints that were used were onset of micro-and/or macroalbuminuria and eGFR decline.
Only half of the studies used hard endpoints as outcome measures. This is explained by the fact that kidney disease is in general slowly progressive and that hard endpoints take a long time to occur. Therefore, to accrue a sufficient number of hard endpoints within an acceptable period of time, studies are required that typically enrol large numbers of patients at later stages of disease.
Indeed, the studies in our review that used hard endpoints were larger in size and all enrolled patients with severe diabetic kidney disease (impaired eGFR and high albuminuria). This limits the generalizability of the studies' results since the performance of the biomarker panels in early stage of disease cannot be assessed. As discussed above, this is unfortunate, because from a preventive These endpoints, as well as the incidence of micro-or macro-albuminuria, 18 are promising candidate surrogate endpoints because they will facilitate renal research and stimulate clinical trials; however, these surrogate endpoints are yet to be thoroughly validated.
Measurement of biomarkers
Choice of matrix (serum, plasma, or urine), sample handling, storage conditions, and assay characteristics are important yet sometimes neglected details when reporting biomarker studies.
The nine reviewed studies reported choice of matrix for (a combination of ) three reasons: a) based on literature review, 6-9,12-14 b) accessibility of the matrix 10 and c) a known or hypothesized disease pathway for a biomarker in a specific matrix. [10] [11] [12] Ideally, biomarkers are to be analysed in a matrix that is easy to obtain (preferably non-invasive) and the biomarker level in that matrix should represent the disease process that is investigated. However, for many biomarkers it is still unclear whether and where they are produced in the disease process. Future research is needed to determine what matrix is preferred for which biomarkers.
Assay characteristics were reported in all nine reviewed studies. However, none of the studies report the rationale behind the choice of a specific assay, which can have consequences. This is illustrated by a study from the oncology area. 19 In that study a commercially available ELISA was used to validate new biomarkers for pancreatic ductal adenocarcinoma (PDAC). Initially they found that zona pellucida-like domains protein 1 (CUZD1) was a promising new biomarker for PDAC. However, when performing additional laboratory analyses to confirm that the assay had indeed detected CUZD1, the researchers found that their assay was hampered by cross-reactivity and that instead of CUZD1, the assay had detected cancer antigen 125. It is therefore of great importance to report the key features of the assay used, including the lower limit of detection, accuracy (including crossreactivity), and inter-and intra-assay coefficients of variation.
With respect to sample handling, the effect of frozen storage on the biomarker level is an often overlooked issue, which may have a large impact on study results. It is known that the stability of biomarker levels varies per biomarker and for different storage conditions (e.g. unstable at -20 and stable at -80°C). 20 It is therefore recommended to assess the effect of frozen storage on biomarker levels before conducting large scale validation studies using samples that are stored for prolonged period of time. Frozen storage that results in a decrease in average biomarker concentration, as well as an increase in variability in biomarker concentration, will impair the predictive performance of biomarkers, as has been described for urinary albumin. 21 Sample storage conditions were mentioned in all but one of the studies included in this review. 14 Only one study reported that levels of urinary marker pentosidine were stable during eight years of storage at -80°C, but specific and detailed information was lacking. 12 The lack of information on the impact of frozen storage on biomarker levels suggests that this important issue may have been negated. Researchers are therefore advised to assess and report stability during frozen storage of biomarkers in the matrix they used.
Statistical analysis
To properly assess the predictive performance of biomarker panels, and especially to minimize the chance of false negative results (type II error), a formal sample size calculation should be conducted before the study is initiated. For such a sample size calculation, the expected predicted power of the biomarker panel is necessary, as well as the between individual variation in the biomarker panel, the correlation with known risk predictors, and the endpoint event rate. None of the included studies performed a sample size calculation, and all studies included relatively small patient cohorts, with the exception of the study of Desai.
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Testing the predictive value of candidate markers in the final biomarker panel is an important topic, but surprisingly no commonly agreed procedure exists as to how this should be performed.
In general three strategies are used. First, the predictive value of markers can be tested in a full model approach including all markers. This approach avoids selection bias and provides accurate estimates and standard errors. 22 However, selection of all markers is not practical for future clinical
care. An alternative approach is a backward elimination selection. In this procedure candidate markers are eliminated from the model if they don't meet a predefined nominal significance level that is often set at 5%. The selection of markers through backward elimination depends, however, on the choice of the significance levels and the size of the population that is studied. A less stringent significance level results in a biomarker panel with more candidate markers, as will be the case in large populations. An alternative to using the backward elimination is the Akaike Information Criteria which is a measure of model fit and includes a penalty of adding additional candidate markers in the model and hence avoids over fitting. 23 The studies that are reviewed were all conducted to assess the predictive performance of the biomarker panels beyond traditional clinical risk markers. To assess the improvement in predictive performance, all renal risk predictors should ideally be taken into account that are used in normal clinical care. In this respect, the quality of the studies has apparently not improved over the last years.
A systematic review conducted a couple of years ago concluded that less than half of all studies adjusted for most acknowledged risk factors of diabetic kidney disease progression. 24 In the present review, most studies, even the recent ones, did not adjust for all acknowledged renal risk markers.
Prediction models should discriminate between those patients who will, versus those who will, not develop the event of interest. Measures of discrimination are known as the C-statistic, or the area under the receiver operator characteristic curve (AUROC). However, the use of the C-statistic is limited by the difficulty of interpreting the clinical significance of the usually small but statistically significant increase in C-statistic and the direct relation of the increase in C-statistic to the performance of the baseline model. [25] [26] [27] A clinically more useful method is to calculate whether the addition of a new biomarker changes individual risk prediction to such extent that it leads to a change in the management of the patient (e.g. drug prescription or discontinuation that the novel biomarker aids in identifying individuals not at risk and may therefore be useful in preventing overtreatment. In order to determine whether the overall NRI is driven by the positive or negative component, it is recommended to also report the two components of the NRI separately. 28 The IDI can be considered an extension of the NRI. The IDI does not include a priori defined clinically meaningful cut-offs for the probability of the outcome (e.g. 5%, 10% or 20%) but integrates the NRI over all possible cut-offs for the probability of the outcome. 29 A recent review and clinician's guide of the NRI is provided by Leening et al. 28 Most biomarker studies included in our systematic review reported measures of discrimination, either Area Under the ROC Curve, NRI or NRI. However, when the NRI was reported, only the overall NRI was reported and the two components of the NRI (reclassification to higher risk for those with event and reclassification to lower risk category for those without the event) were lacking.
Another important part of validation of biomarker studies is calibration. Calibration is reported as the agreement between observed and predicted endpoints. 30 This can be assessed graphically (plotting the predicted versus the observed risk) or with a goodness of fit test, such as the HosmerLemeshow test. In a development cohort, calibration is usually good, therefore reporting of calibration is most important in external validation studies (phase IV and V), which none of the studies reviewed here did.
Although discrimination and calibration are important aspects to verify the utility of the model, these measures do not assess whether clinical decisions improve with the help of the model.
A prediction model that aids in clinical decision making requires a cut-off to classify patients in low or high risk groups. The use of a multiple biomarker panel will usually include a risk function, which provides a probability threshold. Classification of patients will thus be based on a decision probability threshold, which is defined as the threshold at which the likelihood of benefit balances the likelihood of harms. For example, a threshold of 4% indicates that start of dialysis of a patient not treated with an angiotensin receptor blocker is 96:4=24 times worse than the complications of hyperkalemia of a patient unnecessarily treated with an angiotensin receptor blocker. Once a threshold is chosen, the sensitivity and specificity can be calculated. The sensitivity and specificity can be calculated for various decision thresholds, and an overall measure of the model's usefulness can be obtained. The disadvantage of this approach is that calculation of sensitivity and specificity at various thresholds negates the relative weight assigned to detecting true disease (true positive; TP)
versus over-diagnosing non-disease (false positive; FP). Net Benefit is a novel measure and is defined as NB=(TP -wFP)/N where N is the total number of patients and w is the weight for appropriate 70 diagnosing (TP) versus over-diagnosing (FP). The additional value of a biomarker panel can be assessed by calculating the difference in net benefit at a certain decision threshold for predictions with and without using the biomarker panel. Finally, the net benefit can be visualized in a decision curve in which the Net Benefit is plotted against the possible risk thresholds for treatment. We refer to Kerr et al. for a more detailed description and examples of Net Benefit analyses.
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Ideal study designs
Based on the key points we have discussed from the reviewed studies, we now propose a framework for an ideal study design in biomarker panel validation. A new biomarker panel ideally goes through all five stages of biomarker development, from discovery and proof of concept to addressing clinical utility. This means that a biomarker panel has to be studied in several patient cohorts. Ideally these studies will be performed in a diabetic kidney disease population with varying degree of kidney impairment, to allow for extrapolation of results to the broader type 2 diabetic population. Preferably, hard endpoints should be used, especially in phase III to V studies. However, we encourage the development and validation of surrogate outcomes to allow for prognostic assessment of biomarker panels in earlier stages diabetic kidney disease. The matrix (usually blood or urine) should represent the disease process under investigation, and the available literature on the subject should be described in the report. In addition, it is important to report the assay used along with its key features. Furthermore, when dealing with samples that have been stored for a prolonged period of time, it is advised to assess and report the stability of the biomarkers of interest.
A sample size calculation should always be performed before the start of the study to prevent type II errors. For the assessment of predictive power of a biomarker panel, we advocate the use of either the NRI or IDI. We highly encourage the inclusion of all renal risk predictors that are used in daily clinical care in the predictive models, since the new biomarker will be used on top of these clinical risk markers. Furthermore, a phase IV or V study should always report calibration to validate the predictive capabilities of the biomarker panel. Finally, the net benefit score should be calculated and used to translate the predictive power of a biomarker panel into decisions for clinical practice.
Conclusions
In this review we analyzed the methodology of nine studies that investigated biomarker panels for prediction of diabetic kidney disease progression. All reviewed studies represent early phases of the biomarker panel development process. None assessed clinical utility of the investigated biomarker panels or the effect the biomarker panel may have on treatment to improve clinical outcomes. Such studies are essential for implementation of biomarker panels into clinical care. To the best of our knowledge, there is presently only one study assessing the clinical utility of a biomarker panel for this purpose. The PRIORITY trial (NCT 02040441) aims to determine the effect of spironolactone versus placebo in delaying the onset of microalbuminuria in patients with type 2 diabetes at high-risk for diabetic kidney disease progression that are identified by a urinary proteomic biomarker score.
Besides the need for clinical studies to assess the impact of using biomarkers to guide treatment decisions, the reporting of methodological aspects of biomarker studies can be improved. Novel studies should state specific characteristics of the assays that are used and biomarker storage conditions. The impact of prolonged frozen storage of serum and urine on stability of biomarkers, and the effect of (repeated) freeze-thaw cycles on biomarker concentration are key issues that should be addressed. Finally, there is heterogeneity in the statistical methods that are used to report the predictive value of biomarker panels. Though it becomes more common to report novel metrics of model discrimination, such as AUROC and NRI or IDI, different measures were reported in the studies that were reviewed, and harmonization is required. In this respect use of the Net Benefit score might be promising.
Before novel biomarkers or biomarker panels can be used in clinical practice, high quality studies are required that ascertain the accuracy, precision, and predictive ability of the biomarker panel. We have provided key points in design and methodology that should be addressed in such studies.
These points may be of help to refine future biomarker panel studies.
